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Abstract—In this paper, energy efficient power control for the
uplink two-tier networks where a macrocell tier with a massive
multiple-input multiple-output (MIMO) base station is overlaid
with a small cell tier is investigated. We propose a distributed
energy efficient power control algorithm which allows each user
in the two-tier network taking individual decisions to optimize
its own energy efficiency (EE) for the multi-user and multi-cell
scenario. The distributed power control algorithm is implemented
by decoupling the EE optimization problem into two steps. In the
first step, we propose to assign the users on the same resource
into the same group and each group can optimize its own EE,
respectively. In the second step, multiple power control games
based on evolutionary game theory (EGT) are formulated for
each group, which allows each user optimizing its own EE. In the
EGT-based power control games, each player selects a strategy
giving a higher payoff than the average payoff, which can improve
the fairness among the users. The proposed algorithm has a linear
complexity with respect to the number of subcarriers and the
number of cells in comparison with the brute force approach
which has an exponential complexity. Simulation results show
the remarkable improvements in terms of fairness by using the
proposed algorithm.
I. INTRODUCTION
As the new technologies in 5G mobile communication
systems,small cells and massive multiple-input multiple-output
(MIMO) [1] can greatly improve the spectral efficiency and
energy efficiency (EE), which have received much attention in
recent years. Although small cells and massive MIMO have
been compared in [2], they are not necessarily rivals. Actually,
a two-tier network architecture that incorporates the small cells
and massive MIMO can attain the benefits of both technologies
[3], [4]. In the two-tier network architecture, massive MIMO
ensures full-area coverage, while small cells mainly serve
indoor and outdoor hotspots. The power consumption of the
two-tier network was characterized and analyzed in [5]. A
spatial interference coordination scheme was proposed to pro-
tect small cell users from macro-cell interference in [6]. Three
low-complexity strategies for explicit inter-tier interference
coordination through spatial blanking were developed in [7].
Although the two-tier network may provide capacity en-
hancements, it poses many challenges to the power control of
the two-tier network. Firstly, due to the large number of small
cells, centralized power control algorithm may be infeasible
for the self-organized small cells and low-complexity power
control algorithm is needed. Secondly, there exists not only
fairness problem between the macrocell and the small cells,
but also fairness problem among the small cells in the two-tier
network. Game theory is suitable to address the problem of
power control in self-organizing small cells since it allows the
players to learn from the environment and take individual deci-
sions for attaining the equilibrium with minimum information
exchange.
Non-cooperative game theory (NGT) was applied to de-
scribe the system model and implement the distributed re-
source allocation in [8]–[10]. A distributed power control
scheme for closed access femtocell networks was proposed
in [8] to minimize interference to macro users. A distributed
coverage optimization algorithm using game theory was pro-
posed in [9] for the self optimization network architecture
of small cell cluster. The joint uplink subchannel and power
allocation problem in cognitive small cells using cooperative
Nash bargaining game theory was investigated in [10].
However, methods to guarantee the effectiveness of Nash
equilibrium influencing the fairness among the users still
need to be investigated. Thus, the power control algorithm
to improve the fairness among the users is also needed in the
two-tier networks. In [11], the authors proposed a resource
allocation scheme to maximize the total capacity and improve
the fairness. However, the power control algorithms in [8]–[11]
were proposed for small cells underlaying traditional macro
cellular networks. There is little work about power control on
the two-tier networks where a macrocell tier with a massive
MIMO base station is overlaid with a small cell tier.
Motivated by the aforementioned results, we propose a
distributed energy efficient power control algorithm for the
uplink two-tier networks with small cells and massive MIMO.
The distributed power control algorithm is implemented by
decoupling the EE optimization problem into two steps for
the multi-user and multi-cell scenario. In the first step, we
propose to assign the users into different groups. In the second
step, multiple power control games based on evolutionary
game theory (EGT) are formulated for each group. Then, each
user in the two-tier networks can take individual decisions to
optimize its own energy efficiency. Thus, the computational
complexity can be greatly reduced in comparison with the
brute force approach and the fairness among the users can be
improved significantly.
The rest of this paper is organized as follows. In Section II,
the system model of the two-tier networks with small cells
and massive MIMO is presented. In Section III, the distributed
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Fig. 1. System model of the two-tier network.
energy efficient power control algorithm is proposed. Simula-
tion results are shown in Section IV, and final conclusions are
drawn in Section V.
II. SYSTEM MODEL
In this paper, the two-tier networks, where a macrocell
tier with a massive MIMO base station is overlaid with a
tier of small cells, are considered. We investigate the up-
link transmission based on the orthogonal frequency division
multiple access (OFDMA) operation. The two-tier networks
are illustrated in Fig. 1, which includes a macro base station
(MBS) with NMBS antennas and K SBSs with NSBS antennas.
We assume that NMBS  NSBS. The small cells share the
same set of orthogonal subcarriers with the macrocell and the
number of the subcarriers is assumed to be N . We suppose that
the number of users served by the MBS is N0, and the number
of users served by the k-th SBS is Nk(k = 1, 2, ...,K). Each
user selects a transmit power level from a finite set of values
denoted by L = {1, 2, ..., L}.
The impulse responses of all the channels are assumed to be
flat fading. The received signal at the MBS can be expressed
as:
y0=G00p0
1/2x0 +
K∑
k=1
Gk0pk
1/2xk+n (1)
where G00 = H00D001/2 ∈ CNMBS×N0 is the channel
coefficient matrix between the MBS and its users, Gk0 =
Hk0Dk0
1/2 ∈ CNMBS×Nk is the channel coefficient matrix
between the MBS and the users served by k-th SBS, H00
and Hk0 ∈ CNMBS×N0 are the realizations of fast fading
channels and their components are always assumed to be
i.i.d. Rayleigh flat-fading random variables N (0, 1), D00 and
Dk0 ∈ CN0×N0 are the diagonal matrices whose elements
represent large scale fading factors between the MBS and the
users, p0 and x0 are the transmit power and the transmit data
symbol of the users served by the MBS, respectively, pk and
xk are the transmit power and the transmit data symbol of the
users served by the k-th SBS, respectively, n is the additive
white Gaussian noise.
The received signal at the k-th SBS can be expressed as:
yk=
Gkkpk
1/2xk+G0kp0
1/2x0+
K∑
l=1,l 6=k
Glkpl
1/2xl+n (2)
where Gkk = HkkDkk1/2 ∈ CNSBS×Nk is the channel
coefficient matrix between the k-th SBS and its users, G0k =
H0kD0k
1/2 ∈ CNSBS×N0 is the channel coefficient matrices
between the k-th SBS and the users served by the MBS,
Glk = HlkDlk
1/2 ∈ CNSBS×Nl is the channel coefficient
matrix between the k-th SBS and the users served by the l-th
SBS, Hkk, H0k and Hlk ∈ CNSBS×Nk are the realizations of
fast fading channels and their components are always assumed
to be i.i.d. Rayleigh flat-fading random variables N (0, 1),
Dkk, D0k and Dlk ∈ CNk×Nk are the diagonal matrix whose
elements represent large scale fading factors between the k-th
SBS and the users, pl and xl are the transmit power and the
transmit data symbol of the users served by the l-th SBS,
respectively, The diagonal components of D00, Dl0, Dkk,
D0k and Dlk have the form of β = ϕς/dα, where ϕ is a
constant related to carrier frequency and antenna gain, d is
the distance between the BS and the corresponding user, α is
the path loss exponent, ς represents the shadow fading with
logarithmic normal distribution 10log10ς ∼ CN (0, σ2).
We assume that the maximum-ratio combining (MRC)
received matrices are adopted at the MBS and SBSs. Then,
they can be written as:
Akk =
Gkk
‖Gkk‖
, k = 0, 1, ...,K (3)
where ‖·‖ represents the L2-norm. The received signal at the
MBS or SBSs after the MRC received matrices can be written
as:
zk = A
T
kkyk, k = 0, 1, ...,K (4)
Correspondingly, the received signal to interference and
noise ratio (SINR) of the user served by the MBS on the
i-th subcarrier can be written as:
γ0i =
p0i
∣∣aH00ig00i∣∣2
K∑
l=1
pli
∣∣aH00igl0i∣∣2 + ‖a00i‖2N0 (5)
and the received SINR of the user served by the k-th SBS on
the i-th subcarrier can be written as:
γki =
pki
∣∣aHkkigkki∣∣2
p0i
∣∣aHkkig0ki∣∣2 + K∑
l=1
l 6=k
pli
∣∣aHkkiglki∣∣2 + ‖akki‖2N0 ,
k = 1, 2, ...,K (6)
where p0i and pki are the i-th diagonal elements of p0 and pk,
a00i and akki are the i-th column vectors of A00 and Akk,
g00i, gl0i, gkki, g0ki and glki are the i-th column vectors of
G00, Gl0, Gkk, G0k and Glk, respectively.
The data transmit rate of the user on the i-th subcarrier
served by the MBS or the k-th SBS can be expressed as
rki = log2(1 + γki), k = 0, 1, ...,K (7)
The power consumption model of the user on the i-th sub-
carrier served by the MBS or the k-th SBS can be expressed
as
Psum,ki = pki + pc,ki, k = 0, 1, ...,K (8)
where pc,ki is the static circuit power at user equipment side.
pki is set to be zero if there is no user on the i-th subcarrier
served by the MBS or the k-th SBS.
With the rapid deployment of wireless communication tech-
nology, energy consumption has increased dramatically, which
makes it imperative to achieve higher EE. We define the EE
of the user on the i-th subcarrier served by the MBS or the
k-th SBS as follows,
EEik =
rki
Psum,ki
, k = 0, 1, ...,K (9)
The EE of the two-tier network based on [12] can be defined
as
EE=
K∑
k=0
N∑
i=1
EEik (10)
This definition is based on the sum EE of all the users in
the two-tier network rather than the ratio of the sum network
throughput to the sum network power consumption. This is
because neither powers of different users nor their EE in the
two-tier network can be shared. Therefore, we focus on the EE
of the users in uplink two-tier networks and the overall EE is
optimized on condition that the EE of each user is optimal.
III. THE DISTRIBUTED POWER CONTROL ALGORITHM
The SBSs can be randomly deployed either by the operators
or by the users in the two-tier networks with small cells and
massive MIMO. In addition, the computational complexity of
the EE optimization increases with the number of the subcar-
riers and the number of cells for the multi-user and multi-cell
scenario. Thus, the centralized power control algorithm is not
appropriate for the self-organized small cells, and distributed
power control algorithm is needed in the two-tier networks.
Therefore, we propose a distributed energy efficient power
control algorithm in this section to decrease the computational
complexity greatly.
A. Formulation of the Distributed Energy Efficient Power
Control Algorithm
The distributed power control algorithm is implemented by
decoupling the EE optimization into two steps. In the first
step, we propose to decompose the process of the energy
efficient power control. In the second step, multiple power
control games based on EGT are formulated.
1) Decomposing of the Energy Efficient Power Control:
A brute force approach to solve the optimization problem
related to (10) has an exponential complexity with respect to
the number of subcarriers and the number of cells in the two-
tier network in the two-tier network. Therefore, we propose
to decompose the process of the energy efficient power control
by dividing the users into groups. The users on the same
subcarrier are assigned to the same group. Thus, the users
can be divided into N groups {g1, g2, ..., gN}, and the users
on the i-th subcarrier are in the group gi ∈ {g1, g2, ..., gN}.
Then, the original optimization problem can be decomposed
into N independent optimization subproblems, and each group
can optimize its own EE, respectively. The EE of the group
gi can be expressed as
EEi=
K∑
k=0
EEik (11)
2) Formulation of the Energy Efficient Power Control
Games based on EGT: On the one hand, the direct method
to solve the optimization problem related to (11) has an
exponential complexity with respect to the number of cells. To
further reduce the complexity, we propose a distributed power
control scheme from a game theory perspective. Thus, each
user can optimize its own EE as defined in (9), respectively.
On the other hand, the fairness problem among the cells
in the two-tier networks is concerned with the widespread
deployment of the SBSs. The fairness problem exists not only
between the macrocell and the small cells, but also among
the small cells. Furthermore, the performance of some users
may be very poor by using the traditional game theory, which
exacerbates the fairness problem. Therefore, we propose to
formulate the power control game by using EGT [13]. In the
EGT-based power control games, each player selects a strategy
which gives a higher payoff than the average payoff. Thus, the
proposed distributed power control algorithm can improve the
fairness among the users in the two-tier networks.
We formulate N power control games {G1, G2, ..., GN} for
the groups {g1, g2, ..., gN} based on EGT. The users on the
same subcarrier are assigned to the same power control game.
For each game Gi ∈ {G1, G2, ..., GN}, the EGT-based power
control game includes four main factors as follows.
Players: For the EGT-based power control game Gi, its
players are all the users on the i-th subcarrier. And the number
of the players in the game Gi is K + 1.
Actions: We define the action set for each player as Ai =
{ai,1, ai,2, ..., ai,L} which includes all the possible transmit
power strategies for each player. Each player selects a suitable
transmit power strategy from the strategy set A.
Population: In the context of the EGT-based power control
game, the set of players also constitutes the population. We
define ki,a as the number of users selecting strategy a ∈ Ai
in the game Gi. Then, the proportion of the population in the
game Gi choosing action a is given by
xi,a =
ki,a
K + 1
(12)
We can see that
∑
a∈A xi,a = 1.
Payoff function: The payoff of each player is determined
by its EE. Let Ki,a denote the set of the users in the game Gi
selecting the strategy a, and pii,a the payoff function of each
player. Then, pii,a can be expressed as
pii,a =
∑
k∈Ki,a EE
i
k
(K + 1)xi,a
(13)
3) The Distributed Power Control Algorithm: The pro-
posed distributed power control algorithm is presented in
Algorithm 1. The distributed power control algorithm is im-
plemented in two steps. In the first step, we decompose the
process of the energy efficient power control by dividing the
users into N groups. The users on the same subcarrier are in
the same group. In the second step, N power control games
are formulated for each group based on EGT. For each power
control game Gi ∈ {G1, G2, ..., GN}, all players initially
play a randomly selected strategy. Then, the players compare
their payoffs with the average payoff of the population and
select a strategy which would give a higher payoff than the
average one. If there is no transmit power strategy making
its payoff higher than the average one, the user’s strategy
remains unchanged. Then, the rest users continue to select
the proper strategies in accordance with the above method. If
the strategies of all the users remain unchanged, the power
control process will be terminated and the proposed algorithm
will be convergent. A sub-optimal solution to the maximization
of EE can be attained by the proposed algorithm, while
the fairness among the users can be greatly improved. In
addition, the proposed algorithm has a linear complexity with
respect to the number of subcarriers and the number of cells
in comparison with the brute force approach which has an
exponential complexity.
B. Replicator Dynamics and Evolutionary Equilibrium
In the considered EGT-based power control game, the
strategy adaptation process and population state evolution
of the players can be modeled by using a set of ordinary
differential equations called replicator dynamics. For each
games Gi ∈ {G1, G2, ..., GN}, the replicator dynamics can
be defined as follows:
x˙i,a = xi,a(pii,a − p¯ii) (14)
where pii,a is the payoff of the individuals in the game Gi
choosing strategy a and the replicator dynamics satisfy the
condition of
∑
a x˙i,a = 0, and p¯ii is the average payoff of the
entire population, which can be expressed as
p¯ii =
∑
a∈A
pii,axi,a (15)
For the EGT-based power control game Gi, the average payoff
is given by
p¯ii =
K∑
k=0
pii,k/(K + 1) (16)
Algorithm 1 The Distributed Power Control Algorithm
1) All the users in the two-tier network randomly choose an
initialized transmit power strategy.
2) Assign the users to N groups , and the users on the same
subcarrier are in the same group.
3) Formulate N power control games {G1, G2, ..., GN} for
each group.
4) For each game Gi, loop
5) The user in the game Gi computes the payoff piki
and sends it to the centralized controller.
6) The centralized controller computes the average pay-
off
p¯ii =
K∑
k=0
piki/(K + 1)
and broadcasts it back to the users.
7) if piki ≤ p¯ii, then
8) if the selected transmit power strategy is not the
last one, then
9) the user selects another transmit power strategy.
10 else
11) the transmit power strategy remains unchanged.
12) end if
13) end if
14) end loop for the users in the game Gi.
The replicator dynamics are important for the evolutionary
game since they can provide information about the population.
It is also useful to investigate the speed of convergence of
strategy adaptation to attain the solution to the game. Based on
this replicator dynamics of the players in the two-tier network,
the number of players choosing strategy a increases if their
payoff is above the average payoff.
We consider the evolutionary equilibrium as the solution
to the EGT-based power control games, which is defined as
the fixed points of the replicator dynamics. We can obtain the
equilibrium of the EGT-based power control games through
population evolution. The speed of strategy adaptation of each
power control game is zero (i.e., x˙i,a = 0) at the evolutionary
equilibrium, where no player deviates to gain a higher payoff.
To evaluate the stability of the evolutionary equilibrium,
the eigenvalues of the Jacobian matrix corresponding to the
replicator dynamics need to be evaluated. The evolutionary
equilibrium in the proposed power control algorithm is stable
if all the eigenvalues have a negative real part [14].
C. Complexity Analysis
In this section, we compare the complexity of the proposed
distributed power control algorithm with the centralized power
control algorithm. It can be seen that there are L(K+1)N
strategies to solve the centralized optimization problem with
respect to (10). We can describe the computational complexity
as O(L(K+1)N ). We can optimize the EE of the users on
the same subcarrier individually after assigning the users on
TABLE I. Simulation parameters
Parameter Value
The radius of the macrocell 1000m
The radius of the small cells 100m
Path-loss exponent α 3.8
Noise spectral density -194dBm/Hz
Antennas number of the MBS, NMBS 128
Antennas number of the SBS, NSBS 4
Variance of log-normal shadow fading σ2 10dB
Factor ϕ 1
Constant power per user pc,ki 0.01W
the same resource to the same group. The computational
complexity is O(L(K+1)) to solve the optimization problem
with respect to (11). Then, the computational complexity
can be reduced to O(NL(K+1)) to solve the corresponding
optimization problem. In order to further decrease the compu-
tational complexity, we propose to formulate multiple power
control games for each group. Thus, each user can optimize its
own EE, respectively. For each game Gi ∈ {G1, G2, ..., GN},
its players are all the users on the i-th subcarrier. The action
set for each player in the game Gi can be described as
Ai = {ai,1, ai,2, ..., ai,L} which includes all the possible trans-
mit power strategies for each user. Then, the computational
complexity of the game Gi is O((K+1)L). Correspondingly,
the computational complexity of the distributed power control
algorithm is O((K+ 1)LN). It can be seen that the proposed
algorithm has a linear complexity with respect to the number
of subcarriers and the number of cells in comparison with the
brute force approach which has an exponential complexity.
Note here that lower complexity will contribute further to the
reduction of energy consumption in baseband processing.
IV. SIMULATION RESULTS
In this section, the performance of the proposed distributed
power control algorithm is evaluated via simulations. In the
simulations, we consider a two-tier networks including an
MBS with 128 antennas and several SBSs with 4 antennas
each. Assume that the number of the users in each cell is the
same for the sake of simplicity. Let Nu denote the number of
the users in each cell. The simulation parameters are shown
in Table I.
In Fig. 2, we show the evolution of the proposed distributed
algorithm with K = 2 and different Nu. The EE in the figure
is the average payoff. It can be observed that the proposed
distributed algorithm converges within several iterations for
all the considered Nu. It can also be observed from the figure
that the EE increases with Nu by using the proposed EGT-
based algorithm. The reason is that different users in the same
cell do not crosstalk each other and the users can be allocated
the power that are more suitable for them. Then, multiuser
diversity can be exploited.
In Fig. 3, we show the performance comparison between the
proposed distributed algorithm and the NGT based algorithm
in [9]. Fig. 3(a) depicts the EE versus the number of iterations
Fig. 2. EE versus the number of iterations with K = 2.
(a) The EGT-based algorithm (b) The NGT-based algorithm
Fig. 3. EE versus the number of iterations with different
power control algorithm.
with Nu = 6 by using the proposed distributed algorithm. Fig.
3(b) shows the EE versus the iterations with Nu = 6 by using
the NGT-based algorithm. It can be observed that the EE of
each cell approximately approaches the average EE by using
the proposed distributed algorithm, while there are quite great
differences among the cells by using the NGT-based algorithm.
It can be readily seen that the proposed distributed algorithm
can greatly improve the fairness among the cells.
In Fig. 4, we show the EE versus the noise power N0 with
K = 2 for different Nu. It is obvious that the EE decreases
with N0 and the EE increases with Nu by using the proposed
EGT-based algorithm.
V. CONCLUSIONS
In this paper, we have proposed a distributed energy efficient
power control algorithm for the multi-user and multi-cell
scenario in the uplink two-tier networks with small cells
and massive MIMO. On the one hand, the computational
Fig. 4. EE versus the noise with K = 2.
complexity has been greatly reduced from an exponential
complexity to a linear complexity by using the proposed
distributed power control algorithm. On the other hand, the
fairness among the cells has been remarkably improved by
using EGT.
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